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The Insight of Mixup Method: from ERM to VRM

The learning problem can be formulated as the search of the function
f € F that minimizes the expectation of the given loss /((x), y)

R = [ 100, ) dP(x.y) 1)
e Emperical Risk Minimization(ERM)

dPemp X, )/ Zéxl : (2)
Using Pemp, we can approximate R(f) by the empirical risk

Remp() = = >~ I(10x), ) )
i=1

However, the empirical risk (3) monitors the behaviour of fonly at a finte set of n
examples. When considering the universarial approximation theorem, one trival way to
minimize (3) is to memorize the training data[1], which leads to the undesirable
behaviour of foutside the training datal[2].
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The Insight of Mixup Method: from ERM to VRM

@ Vicincal Risk Minimization(VRM)
dPyrm(x, y) = Z dP,(x)8,,( (4)

Here we usually set dPy,(x) as spherical gaussian kernel functions

N (x;,6%). To learn with VRM, we can construct a dataset

D, = {(x3, yi) }T; with (Xi, i) ~ dPvrm(x,y) and then utilize ERM in
D, as following

Rvam(f) = — > I(A%), ) (5)

i=1
But it still doesn’t give a natural form of the distribution of py,(y) and the
direct function 4,,(y) is non-convex and rigorous.
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The Insight of Mixup Method: from ERM to VRM

@ The Mixup Form of dP(x,y) The paper propose a generic vicinal
distribution called mixup:

(X, Ylxi, yi) = Z E)\NBeta(a a),a€(0,00) [6(x=Ax; + (1 — A)xj,
_j_l

y=Ni+ {1 =Xy)l (6)

In a nutshell, sampling process from dP(x, y) with the form of (6) can
be written as

x= A+ (1= N)x (7)
y=Ai+ 1=y (8)

where (xj, yj) and (x;, y;) are two pairs randomly choosed from the
training data and A is sampled from Beta(«, ).
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Input Mixup

Utilizing the input mixup trick (8) — (10) can directly raise the classify
accuracy, just as the following tables show

Model Method Epochs  Top-1 Error  Top-5 Error
ResNet-50 ERM (Goyal et al., 2017) 90 E -
mivup @ = 0.2 2 6.6 Method Specification Modified ‘Weight decay
ResNet-101 ERM (Goyal et al.,[2017) 90 - Input  Target
mixup a = 0.2 20 5.6 ERM x x
ResNeXt-101 32%4d  ERM (Xie et al., 2016) 100 - mixup AC+RP v v
ERM ) 5.6 AC + KNN v v
mizup a = 0.4 %0 20.7 5.3 Tayer | 7 7
ResNeXt-101 64*4d  ERM (Xie et al., 2016) 100 20.4 5.3 4 s
mixup & = 0.4 90 19.8 4.9 7 v
ResNet-50 ERM 200 236 7.0 v v
mizvup a = 0.2 200 221 6.1
wm o Table 5: Results of the ablation studies on the CIFAR-10 dataset. Reported are the median test errors
f 2
ResNet-101 ERM . ;00 220 f‘l of the fast 10 epochs. A tick (/) means the component is different from standard ERM training.
mixup a = 0.2 200 208 5.4 whereas a cross (X) means it follows the standard training practice. AC: mix between all classes. SC-
ResNeXt-101 32%4d  ERM 200 213 5.0 mix within the same class. RP: mix between random pairs. KNN: mix between k-nearest neighbors
mixup o = 0.4 200 201 50 (k=200). Please refer (o the text for details about the experiments and interpretations.

Table 1: Validation errors for ERM and mixup on the development set of ImageNet-2012.

We can see that in [3], mixup only works in (input space, label space).
But this deduction is very anti-intuitive, for the arithmetic operations
attribute in latent space have shown some linear properties[4].
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Manifold Mixup

The manifold mixup loss can be discribed as following:
@ For each minibatch, select a random layer k which split the forward
network into two parts: N(x) = fxgk(x) and sample A\ ~ Beta(a, «)
@ Minimize the manifold mixup loss

L = E(x.y),04.y;)€ minibatch/(fe(Agk(xi) + (1 — N)gk(x))), Ayvi+ (1 — A)y))
(9)
[5] can seen as a theoretical complement for [3]. It explains how manifold
mixup change the learned representations as well as gives the condition
that manifold mixup works better than input mixup.
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Manifold Mixup

Test  Test

Model Error NLL
e ActRes Test Test

PreActReshet 18 Model Error NLL
No Mixup 512 0.2646 ———
Input Mixup (o = 1.0) T 390 n/a PreActResNet18
AdaMix 352 n/a No Mixup { 25.60 n/a
Input Mixup (o = 1.0) 3.50  0.1945 No Mixup 24.68  1.284
Manifold Mixup (o = 2.0y 2.89  0.1407 Input Mixup (ev = 1.0) 21.10 n/a
PreActResNet152 Manifold Mixup (e« = 2.0)  21.05  0.913
No Mixup 420 0.1994 _FreActResNet34
Input Mixup (o = 1.0) 315 02312 Input Mixup (o = 1.0) 22,79 1.085
Manifold Mixup (0o = 2.0)  2.76  0.1419 Manifold Mixup (a = 2.0)  20.39  0.930
Manifold Mixup ) 5) CIFAR.100
all layers (o = 6.0) 2,38 0.0957

(a) CIFAR-10

The main difference between table 1,2 and table 3 is the choose of
parameter for beta distribution.
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Manifold Mixup

Beta Probability Density Function With 3:0.1,b:0.1 Beta Probability Density Function With a:0.9,b:0.9
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The Utilization of Mixup Method

@ Regularization on Supervised learning
Just as table 3 shows. Besides this, the authors performed an
experiment where they trained with Manifold Mixup but blocked
gradients immediately after the layer where they perform
mixup(fronzen the parameters of f). The results(4.33) is better than
the baseline(5.12), but worse than the both manifold and input mixup
methods. This demonstrates that the Manifold Mixup method
improves results by changing the layers both before and after the
mixup operation is applied.
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The Utilization of Mixup Method

@ Robust to corrupted labels
[1] points out that the network just "memorizes” the label. The two
assumption of robustion is that

@ Increasing the strength of mixup interpolation « should generate virtual
examples further from the training examples, making the memorization
more difficult to achieve.

@ Learn interpolations between real examples is much easier than
memorizing interpolations involving random labels.
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The Utilization of Mixup Meth

@ Robustness to corrupted labels

Label corruption  Method Test error Training error
Best Last  Real Corrupted
ERM 127 166 005 0.28
20% ERM + dropout (p = 0.7) 88 104 526 J
mixup (v = 8) 5.9 6.4 2.27 RG.32
mixup + dropout (o = 4, p = 0.1) 6.2 6.2 1.92 85.02
ERM 188 446 0.26 0.64
50% ERM + dropout (p = 0.8) 141 155 1271 56.98
mixup (cv = 32) 1.3 127 5.84 85.71
mixup + dropout (o = 8,p =0.3) 10,9 109 7.56 87.90
ERM 365 739 0.62 0.83
80% ERM + dropout (p = 0.8) 309 351 29.84 86.37
mixup (v = 32) 25.3 309 18.92 85.44
mixup + dropout (o = 8, p=0.3) 240 248 19.70 B7.67
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@ Robustness to Adversarial Examples

The Utilization of Mixup Meth

Metric Method FGSM 1-FGSM Metric Method FGSM 1I-FGSM
ERM 90.7 99.9 ERM 57.0 57.3
Top-1 mixup 75.2 99.6 Top-1 mixup 46.0 40.9
ERM 63.1 03.4 ERM 24.8 18.1
Top-5 mixup 49.1 95.8 Top-5 mixup 17.4 11.8

Haozhe Feng (ZJU)
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The Utilization of Mixup Method

@ Semi-supervised learning
We use the loss function in [6] to explain the role of mixup in
semi-supervised learning

uj, uj ~ u ( )
qi» qj = model(u;), model(u;) (11)
A ~ beta(a, o) (12)

u = Auj+ (1= Ny (13)

d =Agi+(1-Ng; (14)
Lossy = || — model(u/)|? (15)
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HAIRITSIERIEIT (7]

BRiz&MNE
o s MESHFEEIFT
e.g. Learning Rate, Model Structure, Data Augmentation
o BMEBSHE q MKE
e.g. Learning Rate:[1le-3,1e-4,1e-5],Model
Structure:[Resnet,Densel21,PreActResnet18],Data Augmentation
Prob:[0.1,0.5,0.7]
WMRERAMBELBL—REE ¢ XER.
LRI ENRR BB ESHZEAFIIA0H, EREITIHR
KR A RER BIFIEME S . TSR EPkiE A RIS AR
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3%t [7]

®2 IET W Ly(3%)

No. |1 7 3 4
1 1 I 11 ne Ui
2 1 2 2 2 1 F] 3 4
1 1 3 5 7
3 t 3 3 3 2 2 [ 2 [
7 ) T2 3 2 3 1 v 5
5 2 2 3 1 4 4 4 4 4
3 ) T 1 2 : : ; . ;
7 3 2 2 7 7 53 i
8 3 0 1 3
9 3 3 2 1
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